Statement of authorship: SLF and DJC designed experiments and collected data, CW and TTC performed modeling work, CW wrote first draft of manuscript, all contributed to writing and revising. Invasive plant fecundity underlies propagule pressure and ultimately range expansion. Predicting 2 fecundity across large spatial scales, from regions to landscapes, is critical for understanding 3 invasion dynamics and optimizing management. However, to accurately predict fecundity and 4 other demographic processes, improved models that scale individual plant responses to abiotic 5 drivers across heterogeneous environments are needed. Here we combine two experimental 6 datasets to predict fecundity of a widespread and problematic invasive grass over large spatial 7 scales. First, we analyzed seed production as a function of plant biomass in a small-scale 8 mesocosm experiment with manipulated light levels. Then, in a field introduction experiment, 9
Introduction 25
Fecundity is a key demographic parameter underlying propagule pressure (Holle and 26 Simberloff 2005) and, along with dispersal, is critical for establishment success and range 27 expansion. Given the interactive threats to biodiversity from climate change, habitat loss, and 28 invasive species (Brook et al. 2008) , there is growing urgency to predict the demographic 29 processes underlying species distributions, including fecundity. One current approach to 30 modeling plant range expansion is to estimate the relationship between plant size and 31 demographic parameters, such as fecundity, and then link plant size to environmental covariates 32 via regression (Diez et al. 2014 , Merow et al. 2014 ). On its own, this correlative approach does 33 not explicitly account for the mechanisms linking abiotic factors to plant biomass production, 34 and therefore may be vulnerable to cause-effect errors when attempting to predict fecundity 35 across diverse habitats that encompass significant variability in abiotic resources. Moreover, 36 directly measuring fecundity in the field is often logistically difficult and ethically questionable, 37 particularly for non-native invasive plant species (Flory et al. 2011 ). Thus, in order to model 38 invasive plant range expansion or success across heterogeneous environments, we propose an 39 approach to modeling seed production based on an abiotic factor that is manipulated in 40 controlled experiments and readily measured in the field. 41
Many abiotic and biotic factors interact to determine demographic processes such as 42 seed production, making it difficult to disentangle the relationship between any given abiotic 43 factor and an observed species' distribution pattern. Additionally, predictive models must 44 account for environmental heterogeneity in order to scale across habitats. Previous approaches to 45 predicting species distributions as a function of abiotic factors have included controlled 46 7 M. vimineum seed production begins in early October in southern Indiana and continues 116 until temperatures are below freezing. Because seeds immediately drop from plants once they are 117 mature, we lined each shade treatment structure with water permeable landscape cloth to capture 118 seed as it dropped. Since M. vimineum has a mixed mating system (produces both 119 chasmogomous (CH) and cleistogamous (CL) seed), we counted all seed that dropped into the 120 landscape fabric or remained attached to exposed seed heads as CH and dissected all M. 121 vimineum stems to quantify CL seed production (Cheplick 2008 Overall, the aim of our modeling was to combine the size-dependent fecundity 153 relationship that we quantified in the mesocosm experiment, with plant growth data across 154 realistic environmental gradients from the field introduction. We use BHMs to reconcile these 155 data and to generate predictions for seed production of individual plants in unobserved sites that 156 span the range of 1-100% available light. These predictions account for uncertainty in all parts of 157 the model and are useful for answering ecological questions about which factors control M. 158 vimineum distribution across its introduced range. 159 mesocosm experiment we assumed that light intensity, L, had a saturating effect on biomass 161 production, B, and used these data to parameterize a Michaelis-Menton (MM) function: 162
This function has two parameters, an asymptotic biomass (B max ) and a half-saturation constant 164 (h), which represents the light intensity that yields half of B max . We treated biomass as a gamma-165 observation, Y i, we parameterized the gamma distribution in terms of a mean (u) and a dispersion 168
where L i is the light level associated with the i th biomass observation. We sampled a 95% 172 credible interval from the posterior predictive distribution for biomass and compared it to the 173 field introduction data to assess whether the results of the mesocosm could predict biomass in the 174 field introductions. Specifically, we created a test statistic (k test = k 2 /k 1 ) in order to evaluate the probability that the 204 11 site-level dispersion term was higher than the individual level dispersion term. Given the 205 estimates of all parameters from our data, we predicted the biomass of unobserved individuals 206 nested within 100 unobserved sites, ranging from 1% to 100% available light. We then sampled 207 the posterior distribution for each of these predictions in order to define the probability contour 208 graphs in Fig. 3a . 209
In order to verify that the fit of our hierarchical biomass model to data (Fig. 3a) was not 210 overly sensitive to the inclusion of data from any particular site, we generated a cross-validated Finally, we integrated the hierarchical biomass and size-fecundity seed models to predict 219 seed production as a function of light in the field. The full model takes the biomass predictions 220
(from equation (6)) for an individual nested within a site of a given light level (Y ij ) (Fig. 3a) and 221
propagates them together with the seed production model, equations (4) and (5) (Fig. 3b) , in 222 order to generate posterior predictions for seed production as a function of available light (Fig.  223   3c) . Because BHMs estimate all parameters conditional upon one another, these predictions 224 correctly propagate the uncertainty in both parts of the model (Cressie et al. 2009 ). Therefore, the 225 posterior predictive intervals represent the probabilities that the seed production of a specific 226 individual plant growing within a site of a certain light level will fall within a given range. In 227 particular, we analyzed the posterior seed production predictions at sites of very low light (2%, 228 5%, and 10% available light) compared to a site of high available light (80%). We calculated the 229 probability than an individual plant's seed production would exceed 10 or 40 seeds, a range in 230 which prior work has shown that propagule pressure overwhelms forest litter-layer resistance to 231 seedling recruitment (Warren et al. 2012) . 232
We analyzed all models in R (R version 3.0.2, R Core Development Team) and JAGS 233 (version 3.4.0) using the "R2JAGS" package. We fitted each model via Gibbs Sampling Markov-234
Chain Monte Carlo (MCMC) methods. In each case, we ran 5 independent Markov chains for 235 12,000 iterations, with a 2,000 iteration burn-in period and then thinned by 50 iterations, used the 236 r-hat < 1.1. criterion to assess MCMC convergence, and visually checked for well-blended 237 chains (Gelman et al. 2013) . 238
239

RESULTS
240
In both experiments, biomass increased nonlinearly with light availability such that 241 above ~50% light availability further increases in light are not associated consistently with 242 greater biomass production. In the mesocosm biomass model, the posterior distribution of the 243 asymptote parameter is 18.2 ± 2.3 g (mean ± sd dry weight) and the half-saturation constant 244 posterior is 40.4 ± 10.5% available light (Table 1) . As expected, seed production is highly 245 correlated with biomass (Fig. 3b) . At peak biomass observed in the mesocosm experiment (~ 30 246 g), seed production per plant is between 6000-7000. 247
On its own, the results of the mesocosm experiment do not adequately predict biomass in 248 the field introductions. Several sites fall outside the 95% posterior predictive interval altogether 249 and many more have at least several points outside the interval (Fig. 2b) . Thus, among-site 250 13 variation, which the mesocosm experiment cannot assess, clearly influences M. vimineum 251
performance. 252
The hierarchical biomass model, which explicitly accounts for among-site variation, fit 253 the field introduction data much better (Fig. 3a) . In addition, the posterior sampling distributions 254 of the MM parameters have less uncertainty than in the mesocosm model (Table 1) Fig. A1 ). Thus, averaging over the 264 uncertainty in both estimates (Gelman et al. 2013) there is an 87.8% probability that the site-265 level dispersion exceeds the individual-level dispersion. This result is consistent with our 266 observation that incorporating both levels of variance into our predictions (via the hierarchical 267 model structure) significantly enhanced model fit to real data (Fig. 3a, compared to Fig. 2b) . 268
The hierarchical fecundity model predicts that, in the field, seed production will have a 269 similar saturating response to light availability as does biomass (Fig. 3c) . In full sun, mean 270 fecundity exceeds 2000 seeds/plant. At all levels, the distribution of predictions has a positive 271 skew. Therefore, even at low light levels there is a small probability of large seed production that 272 significantly exceeds the mean. 273 14 Our predictions of seed production are qualitatively distinct in sites of very low versus 274 high light (Fig. 4 and Table 2 ). At low light levels, there is a significant probability that an 275 individual plant will not produce seed. However, even at 2% light, there is a 2% probability that 276 seed production will exceed 2000. Although there is a decent probability that an individual plant 277 in a site with 2% light availability will not produce seeds (0.673), this probability is reduced by 278 50% when light availability is at 5% (0.366) ( Table 2) . 279
To predict invasive plant range expansion and performance across variable habitats it is 282 necessary to understand how plant demographic processes respond to environmental factors at 283 various spatial scales (Diez and Pulliam 2007 ). Here we linked light availability across field sites 284 to plant productivity in order to predict a specific demographic process (seed production) that is 285 otherwise difficult to measure in the field, particularly for invasive species. First we used a 286 manipulative experiment to understand the fundamental plant response to an abiotic driver 287 (Chase and Leibold 2003) . Then, to generate predictions that scale across habitats and account 288 for environmental heterogeneity, we extended this mechanistic insight to large spatial scales by 289 combining our mesocosm experiment with field introduction data using a BHM framework. 290
Our results indicate that M. vimineum seed production in the field is strongly linked to light 291 availability, despite including uncertainty from both individual and site-level variability. 292
However, even in low light habitats, our model suggests that seed production is likely high 293 enough to overwhelm establishment resistance (Warren et al. 2012 ). This finding suggests that 294 the distribution of our model species within its geographic range is not likely to be limited by 295 light availability alone, although its abundance will certainly be greater in higher light habitats environments is similarly high (as seen in Appendix C, Fig.C1 and Fig. C2 ) and we expect seed 301 production to translate relatively consistently into germinating seedlings (Warren et al. 2011) . 302
Therefore, we infer that range expansion of M. vimineum is limited by seed arrival, because 303 newly established stands are unlikely to fail due to inadequate local seed production and 304 propagule pressure. 305
Our model suggests that the variability among experimental introduction sites was at least as 306 important, and likely more so, than variability within sites (prob = 0.878). Thus, when scaling 307 across sites, the relationship between focal abiotic factors and demographic processes is 308 complicated by numerous environmental factors. Accounting for the resulting variability is 309 central to the task of predicting distribution in the field, not merely a nuisance factor. For 310 instance, ignoring the stochasticity introduced by these additional factors and their interactions, 311 equivalent to fixing the among-site variability in the model at zero, would lead to artificially 312 precise prediction intervals. Therefore, by including among-site variability in our hierarchical 313 model, estimated from our heterogeneous field data, we can scale-up demographic predictions 314 from mesocosm experiments to the field. 315
Another approach would have been to include additional environmental covariates, alongside 316 available light, to try and account for some of the among-site variance. For instance, soil 317 resource supply is a major determinant of plant biomass production. Therefore, we recommend 318 that future mesocosm experiments include a cross-factorial manipulation of an integrative soil 319 Table 2 . Probability of seed production of a single plant equaling zero seeds, greater than 10 542 seeds, or greater than 40 seeds. These are calculated by sampling the posterior predictive 543 distribution of the hierarchical fecundity model (Fig 3) . 
